There is no generally employed method which allows the incorporation of geological information into digital soil mapping (DSM) despite the great potential of geology as environmental covariate in DSM. In this study a geochemical parent material classification scheme was tested on the watershed area of Lake Balaton, for which soil maps at a finer scale
Introduction
Over the last few decades advances in computing have created new opportunities for soil mapping, enabling the creation of more detailed soil maps at lower costs and in less time. The idea of digital soil mapping (DSM) is that existing soil information can be combined with auxiliary data using geoinformation and mathematical methods. By analyzing the relationship between soil and factors in soil formation, outdated and less detailed soil maps can be improved. What is more, with the help of prediction models information may be obtained on areas where soil data are limited or soil surveys have never been conducted. In the "scorpan" framework (MCBRATNEY et al. 2003 ) seven important factors are defined and recommended to use in soil modelling and mapping: S=f(s,c,o,r,p,a,n) where: s=soil, c=climate, o=organism, r=relief, p=parent material, a=age and n=spatial position.
Auxiliary data are generally derived from thematic maps (relief, land cover, geology, and climate). These provide a wealth of data on environmental conditions, but in some cases it is difficult to extract useful information for DSM. This study focuses on geology, which is examined in detail less frequently as an auxiliary data layer, despite its importance in soil formation. JENNY (1941) defined parent material as the initial state of the soil system. This is the substratum of soil formation, and the physical and chemical properties of the underlying rocks are important factors in the process. This geological background as a passive factor affects the formation of the soil profile (STEFANOVITS et al., 2005) .
Generally, the most readily available source of parent material information is to be found in surface geology maps. However, on the basis of comprehensive studies, geological maps are only used in less than a quarter of DSM projects (GRAY et al., 2016) . This degree of neglect may generally be ascribed to the difficulty of interpretation of geological maps from a pedological point of view. Geology is also commonly omitted from the analyses on account of its lack of explanatory power in soil modelling (BEGUIN et al., 2017) , though this may also be the result of the inappropriate use of geology as environmental covariate; special expert knowledge is often required in order to convert the information contained in geological maps into meaningful soil co-variates (BEHRENS et al., 2005) .
The main problem is that the classification of the units on geology maps are generally based on the age and the genesis of rocks, while this information is irrelevant in DSM. In addition, usually too many units are distinguished on a geology map, making it difficult to explore the relationship between the geology and the derived soils. To alleviate this problem, geological units are usually reclassified based on rock type. In the FAO system there is a detailed classification scheme which allows the easy conversion of the units used in geological maps into parent material (PM) categories (FAO, 2006) . However, this four-level classification places too great an emhasis on the genesis of rocks. Besides this, several important rock types are missing, and it is thus not well suited to the creation of PM categories.
Other PM classification schemes have also been developed which are more suitable for the purposes of DSM. SOTER is a harmonizing and a mapping method combining landform classes and PM categories to define terrain units, which are then in turn represented by typical soils. Based on the results of the e-SOTER project a new PM classification has been developed which is the revision of the previous FAO scheme but it has a pedologically relevant structure (VAN ENGELEN&DIJKSHOORN, 2013) . The basis of this five-level classification system is the geochemical character of rocks, and the classes are clearly distinguished, being reflected in the various derivative soils.
Undoubtedly the most important feature of any parent material is its geochemical character.
The basic concept of this approach is that SiO2 content is one of the most important features in rock classification, and especially in igneous rocks, which are classified into ultrabasic, basic, intermediate and acid groups based on the percentage of SiO2 in their geochemical composition. GRAY et al. (2016) developed a reclassification method for all rock types, including sedimentary and metamorphic rocks, based on their SiO2 content, and this method has proven to be very effective in modelling and mapping soil properties. They demonstrated that certain important soil properties (soil organic carbon, pH, cation exchange capacity, sum of bases, total P and clay %) stand in clear relationship to SiO2 content. This relationship allows the use of geological information in semi-quantitative form through the application of a 'silica index'. The index works in the following way: in a parent material, high SiO2 content generally means higher quartz content; this in turn stands in inverse relationship to the clay and base cation content of the derivative soils. As soil texture is determined by the mineral fractions present in the soil (relative proportions of sand, silt and clay), it is obvious that the SiO2 content of the parent material also plays a key role in soil physical properties.
Despite the effectiveness of GRAY's method, it does have several shortcomings. Any individual geochemical PM classification requires a great quantity of X-ray fluorescens (XRF) test data, in most cases not available locally, while the use of geochemical data measured elsewhere could distort the results. A typical case is that of loess, in which significant differences occur in SiO2 content in different regions of the world (ÚJVÁRI et al. 2008) . Regional averages of the SiO2 content of these sedimentary rocks range from 60% to 80%; they cannot, therefore, be assigned to a single category, due to the high degree of diversity in their geochemical composition. Sedimentary rocks are generally problematic in this regard, and as a result, a unified geochemical PM classification scheme cannot be developed, so this approach cannot be standardized. Nevertheless, in cases where locally measured geochemical data are available, this method seems to be the most suitable for pedological purposes.
Despite the fact that DSM methods have already been widely used, while the recognition of the importance of geology is on the increase, still only limited information is available concerning the proper use of geology as an auxiliary data source, as also about its role in soil prediction. One task is to resolve the contradictory nature of our understanding of geology as environmental covariate: in some studies it is considered the strongest (GRAY et al. 2016) or one of the strongest (VAYSSE & LAGACHERIE, 2016 , XIONG et al. 2014 , WIESMEIER, 2011 predictors in DSM, while in most cases it cannot used effectively.
Since a useful detailed surface geology map of Hungary is available (GYALOG & SÍKHEGYI, 2005) , it was decided to examine the role of geology in the spatial distribution of soil properties. The aim was to compile a parent material map on the basis of the surface geology map using Gray's geochemical approach, then to use it in our DSM project. Models based on geology and other environmental covariates were developed, and predictions made for our whole study area. One important purpose of this study is to evaluate the role of geology in soil modelling and mapping, but a further aim was to compile fine resolution maps of some major soil properties (liquid limit, pH and soil organic carbon) for the watershed area of Lake Balaton in order to serve the increasing need for more detailed soil data for environmental impact assesment in this area.
2.
Matherials and methods
Study area
The watershed area of Lake Balaton (the largest lake in central Europe) is located between longitude 16°17'43''E and 18°11'26''E and latitude 47°6'47''N and 46°17'32''N (Fig. 1) Fine scale soil maps of the whole watershed have not yet been created, although detailed legacy soil information is available. For environmental reasons, it would be particularly important to create detailed soil maps, as a large part of the watershed lies on cultivated land, and detailed soil maps could support the more accurate assessment of diffuse phosphorus loads, and also targeted erosion and runoff control measures.
From a geological point of view, the watershed may be divided into two parts. One of them is located to the north of the lake, where older (Paleozoic-Mezosoic), mainly carbonate rocks dominate, but basalt, sandstone, and methamorhic rocks are also present in notable quantities. The climate of this area is a typical European continental climate, with warm, dry summers and fairly cold winters.
2.2. 1:100 000 scale surface geology map and the compilation method of the parent material map.
The Hungarian Geology Institute published a 1:100 000 scale digital surface geology map, the result of more than ten years of harmonisation and updating, in 2005 (GYALOG&SÍKHEGYI, 2005 . In lowland areas, 1:100 000 scale geological mapping had been completed in the course of the preceding 10-30 years. However, in hilly areas, finer scale legacy maps (e.g. 1: 10 000, 1:25 000 and 1:50 000) formed the basis of this new map, and it is for this reason that it appears far more detailed and accurate than soil maps with the same nominal scale (e.g. AGROTOPO, 1:100 000, 1994), especially in those hilly areas for which limited soil information is available.
The 1:100 000 scale surface geology map shows the presence of 143 geological units in the watershed of Lake Balaton: 3 Paleozoic, 42 Mezozoic, 3 Paleogene, 24 Neogene, and 71
Quaternary formations with more than 20 rock types. We classified these units into broad categories based on the SiO2 content. The basis of this new classification was the scheme developed by GRAY et al. (2016) , modified to take into account the fact that different rock types dominate in the watershed than in the Australian study area.
The first step was the selection of some characteristic rocks and sediment types common in our study area. These were the following: aeolian sand, aeolian loess, fluvial sediments of varying grain size, sandstone, limestone, dolomite, marl, basalt, and sesquioxides. The average SiO2 content of these rocks was determined, and the framework of a broad geochemical classification constructed. An attaempt was made to place each geological formation into one or other of the new geological categories based on SiO2 content. In several cases, legacy X-ray fluorescens (XRF) data were available (BUDAI&CSILLAG, 1999 , ÚJVÁRI et al. 2008 , BOHN, 1979 , JUHÁSZ, 1962 , GYALOG&HORVÁTH, 2004 , EMBEY-ISZTIN et al. 1993 , but data measured in our study area cannot be then simply assigned to all rock types. In such cases, a search was conducted for legacy data of similar rocks from all over the world. The free GEOROC database (SARBAS&NOHL, 2008) was employed, with additional legacy XRF data (PETTIJOHN 1963 , CLARKE 1920 , GU et al., 2013 to estimate the approximate SiO2 content of the various rocks.
Our final classification structure contains nine groups, in descending order based on approximate SiO2 content (Table 1. ). Each original geological formation was assigned to one of these groups. In certain cases this classification was very difficult, especially where a combination of rock types or sediments were present. On the basis of the method employed by GRAY et al. (2016) , in these cases an overall single class was determined; this, though, was actually an average of several classes.
Sesquioxides and carbonate rocks were not excluded from our SiO2 content based classification scheme, even though these classes have a low SiO2 content.
A property other than SiO2 content had to be taken into consideration in the last group, because organic material has a strong effect on derivative soils. For this reason, a separate group was created for those sediments with the highest organic matter content.
The parent material map compiled from these nine groups can be seen in Fig. 2 . property in Hungary, and is the quantity of water (cm³) that is necessary for the creation of a fully water saturated "aggregate free" soil paste from a 100 g oven-dry soil sample to reach the "endpoint indicator", the "sticky point" (VÁRALLYAY, 2013) . It can be used to determine broad textural classes of soils from sandy soils (~25-30) to clayey soils (>50). It was simplified from the traditional liquid limit determination (CASAGRANDE, 1932) for agricultural purposes by ARANY (1943) . It can be considered a good proxy for a particle size distribution test. Its major advantage is its simplicity and the quickness of the measurement, meaning that a large number of data can be collected. Several hundreds of thousands of liquid limit data are available for arable land in Hungary for consecutive periods (BARANYAI, 1987) . The strength of this simple measurement method has become ever clearer with the advent of precision agriculture and the concomitant huge demand for data.
Some elements of the NPCPD database (plant available P, K, and mineral N) were ignored in our analysis, as they may have been strongly influenced by temporally variable effects such as fertilization. Three major soil properties were selected for modelling and mapping in our study area (liquid limit, pH and soil organic carbon), but the relationships between geology and all other soil properties (see above) were also examined. The soil information derived from NPCPD database is summarized in Table 3 .
Since the NPCPD represents mainly cultivated land, additional data were required, and especially concerning forested areas. We selected 50 forest points from the land evaluation database maintained by land registery offices in Hungary. They record the exact geographical positions and soil profile descriptions of reference sites, which are then used to judge the relative primary production value of all plots of productive land. Before the modelling and mapping processes were carried out, humus was converted to a value for soil organic carbon content. The final soil property maps were validated with the points of the Hungarian Soil Monitoring System (TIM), which is independent of the NPCPD.
Similar methods were, however, used in the measurement of major soil properties.
Spatial prediction of soil properties using the Random Forest method
For the modelling of major soil properties (liquid limit, pH, soil organic carbon) the Random property, an individual model was constructed using different predictors. In the analysis 80%
of observations were used for RF modeling and 20% for model validation.
For each model the optimal number of randomly selected independent variables was determined, and the Recursive Feature Elimination (RFE) method was applied in feature selection in order to identify the most relevant predictors; in the final models only these variables were used. As the aim was to examine the importance of independent variables, non correlating variables were used, given that redundant features could distort the result. In order to identify highly correlated variables, a correlation matrix of the database was calculated (Table 4) . It showed that in the dataset used here the variables are not highly correlated (maximal absolute correlation is 0.67, but values are generally lower than 0.4).
The coefficient of determination (R 2 ), defined by the percentage of variation explained by the model, was employed to evaluate prediction performance, and RMSE (root mean square error) to measure the accuracy of the models.
For the analyses the 'Random Forest' and 'caret' packages were used in the R environment. The other approach to the evaluation of the role of geology was the measurement of variable importance in the soil property models in which a comparison with other environment covariates was also possible.
Results

Model performance and accuracy
The results show that in the RF models the environmental predictor variables explain 69.65%, 57.78% and 65.31% of the variation of the liquid limit, soil organic carbon, and pH, respectively, if all independent variables are used. In order to construct models with a higher degree of accuracy and better performance, the RFE method was employed. After removing non-relevant features based on the results of RFE, the performance of these models increased to 72.4%, 60.3% and 68.4%. Aspect, curvature and NDVI were ignored in all three models, as also slope in the case of liquid limit and pH. The final models were constructed from 500 regression trees using 4 randomly selected variables from the relevant predictors.
The observed RMSE values of the validation samples were 5.29 for the liquid limit, 0.27 for soil organic carbon and 0.54 for pH in the final models.
3.2. The effect of geology on soil properties and its importance in RF models.
One of the most important goals of the analysis was to evaluate the role of geology in the spatial distribuiton of soil properties. First, the effect of geology was analyzed independently of other environment covariates using the ANOVA method. Significant differences were found in geological classes in the case of all the soil properties of the NPCPD. Tukey post hoc tests show which groups may genuinely be distinguished from each other (Table 5 .) Although not all classes differ significnatly, the means show an interesting trend, namely, that almost all soil properties in the NPCPD stand in an inverse relationship to the approximate SiO2 content.
Consequently, this PM classification provides relevant information for pedological purposes, and it may be expected to be well suited for use in the modelling and mapping of soil properties. Table 5 . The results of the Tukey post hoc tests The actual importance of geology in the major soil property models was evaluated based on the results of the RFE and variable importance plots of the RF models. The RFE method showed that geology is a relevant predictor in the case of all three major soil properties.
Variable importance plots ranked the independent variables based on RMSE increase and node impurity in the RF models. This method enables the examination of the importance of geology in comparison to the other variables. The results of these may be seen in Fig. 3 .
Judging by the variable importance plots, geology is among the top predictors, but unlike its position in Gray's results, it is not the most important variable in any case. In order to compile soil property maps rasters were created at a resolution of 90m, and predictions for each cell were made using the developed RF models. The 'knitr', 'dsm', 'ggplot2', 'viridis','raster', and 'sp' R packages were used in the creation of the final maps.
The results of these are three soil property maps for the watershed of Lake Balaton may be seen in Fig. 4 ; these are at present the most detailed soil maps of the area. 68 TIM points fall within the watershed, and from these the humus, pH and liquid limit data were used (Fig. 5) . Topsoil information was selected and used only for the purposes of validation, as the NPCPD database contains data from the upper 25 cm of the soils. (Fig. 6.) . The main reason seems to be that the dataset forming the base of our soil property models contains data primarly from cultivated land, and thus it is in such locations the prediction models perform better. In the present study, digital maps of three major soil properties, liquid limit, pH and soil organic carbon (SOC) were created for the watershed area of Lake Balaton based on legacy soil information using the Random Forest method. While different sets of environmental covariates were employed in the prediction, particular attention was paid to the role of geology. A parent material map was prepared through the application of a geochemical approach, with the reclassification of the original map units from the 1:100 000 surface geology map. It was confirmed that SiO2 content based PM categories is capable of providing relevant information for soil prediction. Nonetheless, a great deal of XRF data are required in order to arrive at the correct classification, and it is precisely this which is the main drawback to the method proposed by GRAY et al. (2016) . In the case of the classification constructed here, this type of inaccuracy may also distort the final results. This, in turn, may well be one of the reasons why in the derived RF models geology is not the strongest predictor, in contrast to the conclusions arrived at by GRAY et al. (2016) . The other possible explanation for this is the scale dependency of the importance of geology, i.e. the study area in the present paper is not large enough, and is less diverse from a geological point of view. Another factor is that the spatial distribution of the soil sample points can weaken the result, on account of the soil database used covers mainly cultivated land where the geology is less diverse. Although the database was broadened with additional points on forest land, this was not sufficient to eliminate the inbalance in distribution of the sample points; it is possible that this also reduced the importance of geology in the models developed.
Scale dependency and the inbalance in the spatial distribution of the sampling points may well have led to a result in which geology is not the most important predictor, but this assumption can not be verified due to a lack of comparative data. Although a similar geochemical PM classification scheme has yet to be used in other studies, it is remarkable that in general, geology is not the most important predictor in DSM projects. Unfortunately, geology is not often examined in detail as a predictor variable in DSM, and thus only a few data are available with which it would be possible to compare the results arrived at here. Usually, different variables dominate in each model, depending on the target variables. This is a realistic consequence, since soil formation is the function of several environmental factors.
According to VAYSSE & LAGACHERIE (2014) , the prediction of soil organic carbon is driven primarily by climate co-variables. ARAUJO et al. (2017) also demonstrated in a recent study that the effect of climate on soil organic carbon can be stronger than the parent material driven textural and mineralogycal control of SOC retention because the soil organic matter decomposition rate is strongly dependent on climatic conditions (e.g. in a relatively cool environment the stabilization of soil organic matter is more efficient In the case of pH, we arrived at similar conclusions. Some studies have reported that geology has the strongest influence on the pH of the derived soils (e.g. VAYSSE & LAGACHERIE 2014), but climatic factors are also important, and elevation is often a key factor (DHARUMARAJAN et al., 2017) , similar to the pH model in this paper.
Liquid limit comparative data are not available for the evaluation of the role of geology in soil because this physical property is in general use only in Hungary. Since liquid limit is related to soil texture, it is no wonder that this property also stands in close relation to climate and geology, as it is essentially these two factors which determine weathering processes. Similar results were reported by RODRÍGUEZ-LADO & LADO (2017) about the scaling properties of particle size distributions where parent material and climatic indices are the most influential variables. In our liquid limit model climatic factors are stronger than geology, as was also the case in the pH and SOC models.
Summarizing the results, the importance of geology in soil prediction has been definitely established, and SiO2 content based PM classification may be considered suitable for DSM purposes, despite the fact that geology turned out not to be the most important variable.
Nevetheless, it is also interesting to note that, although our study area was relatively small in geographical extent, climatic variables still have the strongest influence on soil properties.
The explanation for this may be the young age of the sediments covering the greater part of the watershed, as these are less weathered and landscape formation is still in its initial phase, with the presence of intensive weathering processes.
The relatively small effect in the studied area of certain topographical variables (aspect, curvature, slope) on soil properties is also interesting, although other authors have reported similar results (CAMERA et al. 2017 , DHARUMARAJAN et al. 2017 2011)
The most important results of the present study are the three final soil property maps, which are the most detailed soil maps for the watershed area of Lake Balaton currently in existence and is to be hoped that they can be used in future assessments.
Finally, an important outcome of the validation of the maps is that the spatial distribution of the existing soil sample points can and does result in great differences in the degree of uncertainty of the predicted maps in different regions. This is one of the main disadvantages of the use of legacy data, and it indicates the need for new soil surveys in the area. The validation results showed that our predictions were more accurate on cultivated land, from which most of the soil data originated. This is in line with a previous work (TÓTH et al., 2015) , in which this database was used for nationwide soil modelling and mapping and the pedicitions proved to be reliable only on cultivated land. However, based on these results the areas from which additional soil samples should be taken can easily be delineated and this, in turn, would improve any future maps. 
